Abstract-Robust and automatic segmentation of the neighboring cells remains a challenging problem due to the diversity of the cell types, frequently occurring artifacts ,weak borders between adjacent cells, the arbitrary shape and large number of cells. Currently, the widely used segmentation and quantification tools are still manual or semi-automatic, which is time-consuming and labor intensive. With a breakthrough in the accuracy of threshold selection method proposed by the author, it is feasible now for a completely automatic and generalized method to fulfill the segmentation task. Even if the automatic method might not be perfect for segmenting all the neighboring cells in all the acquired images, the manual work after automatic segmentation will be minor. The proposed generalized method for cell segmentation comprises three parts: 1) Preparatory segmentation; 2) Cell identification; 3) Border delineation. We tested the proposed method on two types of cell images: 1) stained mice skeletal muscle micrograph; 2) human anaplastic astrocytoma micrograph. Experimental results show that the proposed method is effective in segmenting the neighboring cells and is thus promising for the future streamlined cell segmentation tool.
INTRODUCTION
Cell segmentation [1] - [26] has been studied for many years and still remains challenging. The absence of a general method for different acquired images makes the research work divergent and application specific. Different methods, e.g. watershed method [1] - [4] , region growing method [5] [6] , morphological method [7] [8], neural network method [9] - [11] , graph method [12] [14] and machine learning and modeling method [16] - [26] , were proposed and claimed to be superior in segmenting a class of cells. However, none of them can meet the general purpose for so many different kinds of cells and they are diverging rather than converging to a robust and unified solution, which makes the development of a generalized cell segmentation method necessary.
To be more general than the referenced state of art methods, we segment the cells based on two general and basic properties of the image: edge and intensity. The edge is enhanced and two global thresholds are computed from the intensity probability distributions of both the original image and the enhanced edge image. The pre-segmentations are achieved with these two global thresholds. As can be seen, the robustness of the threshold selection method is critical. We propose a new method that is based on the slope difference of the histogram. Experimental results show that the proposed threshold selection method is significantly more accurate than the state of art threshold selection methods [27] - [30] . The breakthrough in accuracy achieved by the proposed threshold selection method makes the proposed generalized cell segmentation method possible. Since many neighboring cells are still connected after the pre-segmentation, an iterative morphological erosion is then applied to separate them. At last, we convolve a smooth gradient vector field contour or dilate the segmented seed toward its edge with the assumption that the cell's boundary should be closed and as smooth as possible.
Because the proposed method utilizes the general properties of the image, it is thus more general than other referenced methods. To prove the generality of the proposed method, we use it to segment two different types of cells. One type is from the haematoxylin and eosin stained mice skeletal muscle micrograph and the other is from the anaplastic astrocytoma micrograph. Due to the diversity of the cells and quality of acquired images, a completely automatic method with hundred percent accuracy is suspect. However, the proposed method is capable of identifying the cell and its border accurately in most cases and thus has the potential to be the future streamlined cell segmentation tool. This paper is organized as follows. First, the proposed method is described in section 2. The generality of the proposed method in segmenting neighboring cells is evaluated in section 3. Section 4 gives more experimental results to show the effectiveness of the proposed method and discussion is also given. Conclusion is drawn and future work is discussed in Section 5.
II. PROPOSED METHOD

A. Preparatory Segmentation
The preparatory segmentation comprises two critical segmentations: 1) Segmentation of the gradient image by a global threshold; 2) Segmentation of the original image by a global threshold. For the first segmentation, we need to form the gradient image from the original image. The Sobel operator is used to detect the edge in the row direction and column direction respectively and get two images and .
Then the gradient image is computed as follows:
where denotes the index of the pixel position.
Then, we compute the normalized histogram distribution of the image.
where denotes the frequency of the graylevel and denotes the maximum frequency which occurs at in the interval . is the minimum graylevel and is the maximum gray-level for the image respectively. We use a moving average filter to smooth the normalized distribution and it is formulated as:
For any point on the smoothed histogram distribution , there are two slopes, one on the left and the other on the right. They are computed by fitting a line model with adjacent points at each side. The line model is formulated and computed as:
Two slopes at point , and , are then obtained from Eq. 6. Then the slope difference, , at point is computed:
For all the computed slope differences, we choose the maximum peak and its corresponding intensity as the optimal threshold . The gradient image is binarized by the following equation.
For the second segmentation, we use Eq. 2-9 again to compute a global threshold for the original image . Then is binarized by the following equation.
With the two segmentation results, and , we calculate the preparatory segmentation as:
We show two examples in Fig. 1 and Fig. 2 to demonstrate the superiority of the proposed threshold selection method in segmenting the gradient image over state of art threshold selection methods. As can be seen, the segmented edges by the proposed threshold selection method are more complete than those by other methods. In addition, the proposed threshold selection method could achieve more accurate segmentation for the original cell images than state of art threshold selection methods as shown in Fig. 2 (g 
B. Cell Identification
In the preparatory segmentation image , some cells are separate from others while some cells are connected with each other. To identify the cell individually, we propose the following iterative morphological erosion method.
Step 1: Use the structure element to erode morphologically [31] the preparatory segmentation with the following equations.
Where represents the points in the structuring element .
Step 2: Then compute the union of all the separated cells based on their sizes and save them as seeds (separated and identified cell).
is the size threshold to distinguish the cell size and noise size and it is easy to be set by offline analysis or computed as the mean area of all the cells with a higher threshold than the automatically computed one. step 3: Repeat step 1 and step 2 until the size of each segmented cell is smaller than . Then the seeds of all the cells are formulated as:
After all the cells are identified, the coordinate of the center of k cell is computed as:
where denotes the pixel index of the segmented cell and is the total number of pixels contained in the segmented cell. Fig. 3 shows the identified cells for the images shown in Fig. 1 and Fig. 2 respectively. As can be seen, the identification results are very accurate.
C. Border Delineation
From the center of each identified cell, we draw a circle with the radius of pixels. Then we push the circle toward the edges of the cells by gradient vector field (GVF) which is Fig. 4 Examples of border delineation for the image shown in Fig. 1 (a) delineated border by GVF; (b) delineated border by the proposed fast method;
defined as the vector that minimizes the energy function [33] :
where f is the edge map derived by applying edge detection on the smoothed image which was obtained by convolving the original image with a Gaussian kernel. is the regularization parameter which adjusts the tradeoff between the first and second term of the integrand.
When the initial circle is too large or too small compared to the real size of the cell, the GVF will not converge correctly. Another drawback of the GVF method is that it takes time to converge and especially time-consuming when the number of cell is huge. An alternative fast method to identify the cell border is proposed as follows.
Step 1: Start the loop to dilate the first identified cell seed by the following equation.
where and denotes the symmetric or supplement of .
denotes the th identified cell seed in section 2.2.
Step 2: Immediately following each dilation, compute the intersection of the dilated cell with the segmented enhanced edge image computed in section 2.1.
If the intersection is greater than a predefined threshold , break the loop started in Step 1.
Step 3: Extract the boundary of the dilated cell seed by the following equation.
Step 4: Repeat Steps 1-3 for the next identified cell seed until all the seeds are processed. Fig. 4 shows the delineated cell borders for the images shown in Fig. 1 . As can be seen, the delineation results are very accurate.
III. EVALUATION OF THE GENERALITY OF THE PROPOSED METHOD
To show that the proposed method is general in segmenting neighboring cells, we use it to segment a different type of cells (anaplastic astrocytoma micrograph). Fig. 5 (a) shows one typical anaplastic astrocytoma micrograph with a large number of cells. Both neighboring cells and isolated cells exist in this image.
We apply the proposed method directly to this specific image and show the critical processing results from each step in Fig. 5 (b) , (c), (d) and (e). Fig. 5 (b) shows the gradient image by Eq. 1 and Fig. 5 (c) shows its binarization result with the threshold computed by the proposed threshold selection method. Fig. 5 (d) shows the binarization result of the original image with the threshold computed by the proposed threshold selection method and the identified cells overlay them. Fig. 5 (e) and (f) show the identified seeds overlaying the original image and the identified cell borders overlying the original image respectively.
IV. EXPERIMENTAL RESULTS AND DISCUSSION
A. Experimental Results
From the above section, it is seen that the most challenging part of cell segmentation is cell identification and it is much easier for boundary identification with accurately identified seed. Hence, in this section, we give more results of identified cells from different skeletal muscle micrographs to show the effectiveness of the proposed method. Fig. 6 shows an example of clear skeletal muscle cells with little noise. (a) shows the detected seeds overlaying the original image. As can be seen, the borders of seeds are smooth and all the seeds of the cells are identified accurately. In this situation, the direct dilation of seeds will yield accurate identification of cell borders as shown in (b). Fig. 7 shows a skeletal muscle image with noisy or obscure boundary. Although the borders of the identified seeds are rough, all of the seeds are acquired accurately. Fig. 7 (b) shows the identified cells. Fig. 8 (a) and (b) show the segmented results of the other types of cells from anaplastic astrocytoma micrograph. The missing rate of the detected seeds is less than 5%.
B. Discussion
In this paper, we propose a generalized method to segment neighboring cells which comprises preparatory segmentation, cell identification and border delineation. During preparatory segmentation, the general properties of the cell image: edge and intensity are utilized for segmentation thanks to the accuracy breakthrough achieved by the proposed threshold selection method. During cell identification, morphological erosion is used to separate cells iteratively based on the average size of the cell. During border identification, an efficient dilation method, alternative to GVF method, is proposed and it also makes use of the enhanced edge information. As the only generalized method in segmenting different types of cells so far, the proposed method achieved an accuracy close to 100% in segmenting clear stained skeletal muscle cells and also performs well in segmenting anaplastic astrocytoma cells.
V. CONCLUSION AND FUTURE WORK
In this paper, a concise method is proposed to segment different types of cell images. It utilizes the general property of cell images: intensity and edge, to achieve the generality which is validated by the experimental results.
The major contributions of this paper includes:
1) The first generalized cell segmentation method is proposed and validated.
2) A novel threshold selection method is proposed to segment the cell or its edges. It makes a breakthrough in the segmentation accuracy and makes the generalized cell segmentation method possible.
3) An iterative erosion method based on the on-line computed size of cell is proposed to separate the connected cells.
4) An efficient and effective border delineation method is proposed based on morphological dilation.
The future work includes: 1) Validate the proposed method more thoroughly when more types of cell images are available.
